Abstract. NASA's carbon dioxide mission, Orbiting Carbon Observatory-2, has been operating for three full years (2015)(2016)(2017). Here, we provide a global (60 S-60 N) view of the XCO 2 anomalies along with their annual variations and seasonal patterns. We show that the XCO 2 anomaly patterns are robust and consistent from year-to-year. We compare these anomalies to fluxes from anthropogenic, biospheric and biomass burning and to model-simulated local concentration enhancements.
Introduction
The aim of this paper is to extend the results presented in (Hakkarainen et al., 2016) , and provide global (60 S-60 N) view on XCO 2 anomalies as seen by OCO-2 for three full years 2015-2017. In Section 2 we introduce the data sets and methods to derive XCO 2 anomalies. In Section 3, we analyse the annual and seasonal patterns of XCO 2 anomalies, and we discuss them in terms of anthropogenic, biospheric and biomass burning contributions. Finally, Section 4 concludes the paper.
Materials and Methods
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OCO-2 data
We use data from NASA's OCO-2 satellite (Crisp et al., 2017) . The satellite was launched on 2 July 2014, and now leads the 705 km Afternoon Constellation (also known as the A-Train). OCO-2 has provided science data since September 2014.
The instrument measures the backscattered solar light in three spectral regions: oxygen A-band at 0.765 microns and CO 2 bands at 1.61 and 2.06 microns. It provides data with eight 2.25 km long footprints along a narrow (0.4 to 1.29 km) swath. The 10 retrieved quantity is column-averaged dry air mole fraction of CO 2 , XCO 2 .
In this paper, we use the latest OCO-2 data version (V8r) available from the MIRADOR platform at http://mirador.gsfc.nasa.
gov. We use the lite files that include bias correction and data screening. We only use the data points where the quality flags are set to zero. The validation of OCO-2 data against results from the Total Carbon Column Observing Network (TCCON) indicates that the absolute median differences are less than 0.4 ppm and the RMS differences are less than 1.5 ppm. The bias 15 appears to depend on latitude, surface properties, and scattering by aerosols (Wunch et al., 2017) .
XCO 2 anomalies
Because of the long lifetime of CO 2 in the atmosphere, it is intrinsically difficult to derive information about the spatial distribution of CO 2 emission areas from satellite measurements of CO 2 concentrations. CO 2 accumulates in the atmosphere with a growth rate of about 2-3 ppm per year. The overall background level is currently in the order of 400 ppm. Therefore, the 20 approach used to map short-lived air pollutants, like nitrogen dioxide (NO 2 ), based on averaging out the outflow downwind from the emission sources, cannot be directly applied to space-based CO 2 measurements. The large CO 2 background and seasonal variability must be removed before being able to highlight the emission areas.
In order to extract information about the anthropogenic signatures from OCO-2 retrievals, we use the concept of XCO 2 anomaly (Hakkarainen et al., 2016) , defined as the difference between the individual XCO 2 value measured by OCO-2 and the 25 background (i.e., the daily median XCO 2 over a certain area):
This equation provides an anomaly value for each OCO-2 data point. Figure 1 shows a scatter plot of these XCO 2 anomalies for one day, one week, one month and one year. Using the daily median as background allows us to remove the seasonal 30 variability and the increasing trend of CO 2 concentrations. Once we obtain the anomalies for each OCO-2 measurement point, we define a spatial grid (e.g., 1 ⇥1 , latitude-longitude) and calculate the mean at each grid point over a defined period of time.
This average essentially removes the effect of the different wind patterns and the resulting anomaly maps illustrate the areas where CO 2 is emitted (positive anomalies) into the atmosphere and those acting as sinks, where CO 2 is absorbed at the surface (negative anomalies). The strength of this approach is that it only uses satellite-based measurements and is not dependent on 5 patterns in a priori fields, external data or other assumptions in atmospheric chemistry-transport models.
One question is how do we define the area over which we calculate the daily median. In Hakkarainen et al. (2016) analyze the effect of the inhomogeneous distribution of OCO-2 data on the anomaly's spatio-temporal patterns. 
Solar-induced chlorophyll fluorescence (SIF)
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We analyze solar-induced chlorophyll fluorescence (SIF) also measured by the OCO-2 instrument (Frankenberg et al., 2014) at 757 nm and 772 nm. Here, we use the 757 nm data. SIF can be seen as a proxy for the vegetation gross primary production (GPP) (Sun et al., 2017) , defined as the synthesis of organic compounds from atmospheric CO 2 and principally occurring through the process of photosynthesis. Therefore, SIF data are expected to provide information on the effect of vegetation in the distribution of the XCO 2 anomalies and to complement their patterns. 
XCO 2 enhancements from FLEXPART model
We use the Lagrangian particle dispersion model FLEXPART (FLEXible PARTicle dispersion model) (Stohl et al., 2005) to simulate anthropogenic and biospheric XCO 2 enhancements at OCO-2 measurements locations. We follow the approach used by Janardanan et al. (2016), where the localized GOSAT CO 2 enhancements are compared to the inventory-based CO 2
estimates using the FLEXPART model outputs. As there are about 85 000 OCO-2 data points per day, for computational 5 reasons we aggregate an average OCO-2 data points to one-second ( 24 soundings) averages, taken separately for OCO-2 footprints 1-4 and 5-8.
As input information for anthropogenic emissions, we use the high-resolution ODIAC (Open-Data Inventory for Anthropogenic Carbon dioxide) data set (Oda et al., 2018) . In the ODIAC data set the anthropogenic CO 2 emissions are estimated in 1 km⇥1 km resolution given the power plant emissions (intensity and geographical location) and satellite-observed nightlights.
10
In the FLEXPART model simulations, from each aggregated OCO-2 data point, ten thousand virtual particles are released and transported three days backward in time with the three-dimensional wind field using parameterizations for turbulence and convection.
3 Results
Annual XCO 2 anomalies
15 Figure 2 illustrates the three-year average and the mean annual XCO 2 anomalies for the years 2015-2017. We observe that the largest anomalies correspond to the anthropogenic emission areas in China, North-East India, Middle East, central Europe, and eastern USA, as noted also in (Hakkarainen et al., 2016) . In the Southern Hemisphere, the largest anthropogenic emission area, the Highveld region in South Africa, is clearly visible from the map. In the Northern Hemisphere, some smaller emission areas (e.g., Mexico City) can be identified also at global scale.
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High positive XCO 2 anomalies can be observed also where anthropogenic emissions from fossil fuels are not expected. For example in northern and southern Africa, Indonesia, Indochina, and South America we see large emission areas. These mostly correspond to large-scale biomass burning, and also to positive biospheric fluxes.
The largest negative anomalies are observed in the northern middle-latitudes (40 N-60 N). These are clearly connected to the strong biospheric sink during the growing season. We note that this area is mainly sampled by OCO-2 during summer 25 months and not during winter (when there is not enough sunlight to take the measurement). This produces particularly low negative anomalies in the annual anomaly maps. We also observe a large area with negative anomalies in the Southern Cone in South America.
The overall patterns observed in the annual maps are similar every year, i.e., the large areas with positive and negative anomalies are quite consistent. Also smaller areas with large anomalies seem to be consistently visible in the different years
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(e.g, the Highveld region). Some differences in the XCO 2 anomaly patterns between different years are, at least partly, related to the sampling of the instrument and the number of data points available. These are most visible for example at northern mid- When comparing the XCO 2 anomaly patterns in Africa in different seasons, we find the largest anomalies in the northern biomass burning area during winter months (DJF) and relatively smaller anomalies during SON and MAM. During summer months, we find mainly negative anomalies over the same area. These features correspond directly to those we observe in the flux maps, i.e., strong emissions from biomass burning during winter and sink during summer (Fig. 5, right column) . SIF is 20 also higher during summer months, when anomalies are negative. Also, in the southern biomass burning area in Africa, we observe the largest anomalies during JJA, when the biomass burning emissions are the strongest (Fig. 5, right column) and SIF values relatively small. The largest negative anomalies are on DJF, when there are very little emissions from biomass burning.
From the anomaly maps (Fig. 3) we find that the anomalies over the Highveld industrial area in South Africa are the largest during JJA and SON, when the draw-down effect is minimum.
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When looking at XCO 2 anomalies in South America, one evident problem is related to the number of data points available over Amazonia. The XCO 2 anomaly values seem to be positive throughout the year, although, the SIF is also positive. Signatures from biomass burning and positive biospheric fluxes are visible also in the anomalies during SON. In the Southern Cone, the anomalies are most negative during SON and DJF, which is in line with the SIF and biospheric flux maps.
In Indochina, the anomalies are positive throughout the year. latitudes where we can still identify the "satellite tracks" from the map. In the Figure S1 of the supplementary material, we present the maps of the number of data points that was used to calculate the mean in Fig. 2 . In addition to northern latitudes, the number of data points is also lower in places with high cloud density and/or large aerosol load (Himalaya, Amazonia, central Africa and China). lower during JJA. All three areas have largest anomalies during DJF when also the biospheric flux is positive.
Latitudinal effects
When calculating the XCO 2 anomaly, one critical point is how we define the background region from which we obtain the daily median in Eq. 1. Figure 6 illustrates the daily median XCO 2 time series calculated from different latitude bands (every 20 in latitude in the range 60 S-60 S). We observe that the hemispheric (0 N-60 N and 60 S-0 S) seasonal cycles (black 10 lines in Fig. 6 ) are clearly different from each others and we cannot use the same background areas (i.e., median values) for the Northern and Southern hemisphere.
In the Southern Hemisphere, the seasonal cycles are very similar for all 20-degrees latitude bands. The hemispheric (60 S-0 S) daily median provides a stable estimate of the background, which is mostly driven by the 40 S-20 S seasonal cycle in the terrestrial biosphere. In the Northern Hemisphere, the seasonal cycle is more variable in different latitude bands. In 
Modeling results
In this section, we analyze the XCO 2 enhancements related to fossil fuel combustion and biospheric fluxes corresponding to the OCO-2 pixels using the Lagrangian FLEXPART model. This allows us to account for the effect of OCO-2 sampling 30 and transport by the wind. Figure 7 illustrates the modeled XCO 2 enhancements for the year 2015 (the results for year 2016 are shown in Fig. S3 in the supplementary material) . We illustrate the contribution from the ODIAC fossil fuel fluxes alone (Fig. 7, upper panel) and together with the biospheric contribution (Fig. 7, lower panel) . The anthropogenic component shows spatial patterns very similar to those observed from the XCO 2 anomalies in Fig. 2 , with the three region with high positive enhancements in eastern USA, Europe and China. In the Southern Hemisphere, the Highveld region in South Africa shows the strongest anthropogenic signal, together for example with the area around Sidney in Australia. When adding the biospheric component, we also find negative values in northern mid-latitudes and in the Southern Cone in South America, as observed from the anomalies in Fig. 2 . In Europe, the large anthropogenic XCO 2 enhancements are drawn down by the biospheric sink 5 (Fig. 7 -lower panel) . Figure 8 illustrates the results of the FLEXPART seasonal simulations. We find that the Highveld region is clearly visible during SON and JJA, while it is not detectable anymore during DJF due to effect of the biospheric sink. The same feature is also visible in the seasonal anomalies in Fig 3. There are also differences between seasonal FLEXPART model simulations and OCO-2 XCO 2 anomalies, particularly during JJA when the anomalies show a strong latitudinal gradient as discussed in 10 Section 3.3.
Finally, four local "case studies" for both FLEXPART enhancements and OCO-2 anomalies are illustrated in Fig. 9 . The first one is the Iberian peninsula, where OCO-2 XCO 2 retrievals are available consistently throughout the year. We can clearly observe the positive signal from different cities over the coastal areas in the XCO 2 anomalies. The second one is the already mentioned Highveld industrial region in South Africa. In this case, the anthropogenic signatures seem more localized in the
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FLEXPART simulations than in the anomaly maps, although positive anomalies are clearly visible over the area as well. The third case study is India, where we can see clear positive signal in both OCO-2 and FLEXPART data, with some discrepancies in the exact location of the anthropogenic signatures. The last case is Mexico City where we also see strong anthropogenic signatures (i.e., positive enhancements and anomalies), related to the emissions from the city as well as power plants in the area.
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In the supplementary material (Figs. S4-S8) we also illustrate similar case studies for the largest anthropogenic emission areas.
Summary and remarks
In this paper, we analyzed the global (60 S-60 N) XCO 2 anomalies for three full years 2015-2017. We describe the largescale features like the main anthropogenic emission areas, biomass burning regions, and biospheric sinks. We also see that the 25 patterns observed in OCO-2 annual XCO 2 anomalies are robust and consistent from year-to-year. The OCO-2 data were also used to study the seasonal XCO 2 anomalies. From the seasonal XCO 2 anomalies we can identify the patterns in the Northern
Hemispheric growing season and also the different fire seasons in Africa. In addition to large-scale features, we also visualize different local "case studies" with high anomalies associated with anthropogenic emissions in both the Northern and Southern
Hemispheres. These examples highlight the potential of space-based data for further local studies.
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The method proposed in this paper, i.e the hemispheric XCO 2 anomalies, is quite different from many other approaches where satellite CO 2 data are used. In GHG research, inverse modeling is often used for estimating surface fluxes from atmospheric measurements. Traditionally, this approach was designed for surface CO 2 measurements, and most inverse modeling 
